Abstract: Quality Pointers (QPs) definition is a key activity in a Quality Management System (QMS) implementation because with them the Quality Manager (QM) is able to manage production processes and monitoring them in a logic of continuous improvement. With respect to the QPs values the QM can take specific decisions on the actions to improve and to correct these values. Moreover, QM's decisions are related not only to the types of actions, but also to their distribution in a certain time period, assigning their correct priorities. The present paper fronts the problem of corrective actions' priorities through fuzzy sets and related rules, with the aim to avoid the problems related to ambiguous values of certain QPs. The approach has been applied to the main production processes of a firm producing motorboats, in which we have realised a Fuzzy QMS for Non-Conformities (NCs) management, defining an objective way to assign the priorities of actions addressed to resolve the NCs found.
Introduction
In current practice Quality Management Systems (QMSs) improvement is accomplished through the setting up of specific 'Quality Pointers' (QPs). They represent the 'control' elements which allow the measurement of firm performances. At the moment, several 'process pointers' are used; they are considered as the 'final numeric result' of a certain process (Karuppusami et al., 2006; Seth et al., 2006) . The correct identification and management of these pointers is crucial because with respect to their values, the Quality Manager (QM) can be able to measure in an objective way the real quality level of a production system. Approaches aimed to improve the verifying phase of these pointers are numerous (Piskar, 2006; McAdam and Leonard, 2005) , but it is very difficult to find a method to front the problems of different productive processes. With respect to the identification of a set of QPs, one of the most important works in this field subdivides them into 'low', 'middle', 'middle high' and 'high ability' (Solis et al., 2001 ) using human subjectivity. Another method (Savino et al., 2008) proposes to associate to each QP a set of values named efficiency classes (I REM ) in order to identify the 'levels of efficiency' of the production. As we will see, this model proves to be rigid because it does not provide the possibility that an element x can belong partially both to a certain set A and to its complement (not A).
In addition to that, the mentioned approaches, provided with a set of QPs and their values, do not indicate the priorities of corrective actions that are to be taken to improve or correct the values for each QP. This paper is intended to present a methodology aiming to quantify the priorities of the actions to be taken with respect to the types of Non-Conformities (NCs) found in the production process or in the final product. The approach, based on the well-known fuzzy theory, takes as inputs the values of the efficiency levels and gives as output the priorities of the actions in terms of time limits (the number of days) to accomplish each corrective action.
Non-conformities and the related pointers
An NC can be intended as a mistake found in a process, or something that did not go as planned (Taguchi, 2004; Basu, 2004; Bellows, 2004) ; it is usually characterised by a weight representing its importance referring to the whole process (Staat and Hammerschmidt, 2005) . The NCs can be usually classified into two categories:
1 Generic NC (GNC): they are related to every item that satisfies product requirements and are not identified by the final customer. GNCs are physiological and expectable; they can often depend on the abilities and competencies of the workers.
2 Critical NC (CNC): they are related to every NC having a high frequency and/or those that are perceived by the customer.
Each of these categories can be subdivided (Savino et al., 2008) With these notations, the production efficiency pointer (Mass Production Efficiency) can be given by Equation (1).
where:
MPtot CNC = total number of CNCs for mass products MP CNC = average of CNCs that we found on the same product in a certain time period (day, week, month, etc.) . The same formula of Equation (1) is used to compute the NC pointer related to the custom models (I REP ).
Since
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goes from 0 to CNC MPTot , the number of possible values of I REM will be CNC MPTot + 1. In this way, the production efficiency measurement is obtained by dividing the I REM interval in NC Classes (NQC); the amplitude of each class is defined using the Sturgess formula (Equation 2).
where N°I REM is the number of values found for I REM . This methodology has its main limit in the rigid definition of the efficiency classes, which can give some misunderstandings and problems when the value of I REM is approaching the threshold of one of the classes. To better understand this kind of problem, let us suppose that in a production line, the maximum number of CNCs found on a current model is equal to seven (CNC MPTot = 7) and I REM gets eight values (N°I REM = 8). According to Equation (2), the number of NC classes is given by:
Obtaining that the continuous set to which NC belongs is transformed into a discrete interval:
In the case of N QC ∈{4, 3, 2}, the four efficiency classes in Table 1 can be obtained: The described logic can let the QM fall into errors when the value of I REM is close to the border between two efficiency classes.
As an example, if N QC = 4 and I REM is equal to 0.76, the QM is induced to think that the performance of the product line is at an Optimal Efficiency class, but this value is on the border with the High Medium Efficiency class and it should require the attention of the QM in order to check one or more phases of the production process. On the contrary, a value of I REM equal to 0.75 could let the QM think that he is already in the High Medium Efficiency class, but this value is just on the border of the Optimal Efficiency class. This ambiguity is, of course, mainly caused by the sharp boundary of I REM . In addition to that, the model does not give any indication related to the time interval needed for each action to be taken, with respect to the specific membership class of each pointer. In order to assess this problem, we have adopted the fuzzy set theory as a suitable tool to model this kind of situation. With this aim, in the next section, we first introduce some basic definitions on this theory.
Fuzzy set and fuzzy systems
A fuzzy set can be mathematically defined by assigning to each possible element in a numerical interval (known as the universe of discourse) a value representing its grade of membership in the fuzzy set (Zadeh, 1973) . This value corresponds to the degree to which that element is similar to the concept represented by the fuzzy set. Thus, certain elements may belong to a fuzzy set in a greater or lesser degree, as indicated by a larger or smaller membership grade. The values of membership grades are represented by real numbers, with values ranging in the [0,1] interval. As an example, let us consider the case of a trapezoidal fuzzy set.
Let A be a fuzzy set whose membership function ( ) A x satisfies the following conditions:
A trapezoidal fuzzy number can be expressed as ( , , , ) . A l m n h = When l > 0, then A is a Positive Trapezoidal Fuzzy Number (PTFN) (Dubois and Prade, 1980; Zimmerman, 1990) . The membership function of PTFN A is defined in Figure 1 . In general, a fuzzy system is a system whose variables range over states that are fuzzy sets.
The fuzzy quality management system
With the aim to assess the previous ambiguous situations, we propose a new type of QMS based on fuzzy logic and called Fuzzy QMS (FQMS). We have structured the construction of the new FQMS in the following steps:
Step 1
We first introduce the variable X as system input and Y as system output. The system will have to take into account at the same time the efficiency classes and the priorities of actions. With this aim, the input X are the values of I REM and the output Y are the priorities of actions to be taken in terms of the number of days available to accomplish each action (daily priority indexes -y days ).
Step 2
After having identified the relevant input and output variables of the system, we have to select a set of meaningful linguistic states for each variable and express them by the appropriate fuzzy sets. We can obtain this by subdividing X in four subsets (Figure 2 ), in which each subset is related to a specific level of production efficiency. The following subsets have been individuated:
1 Optimal Efficiency (OE): when (70% < I REM < 100%)
2 High Medium Efficiency (HME): when (45% < I REM < 80%)
3 Low Medium Efficiency (LME): when (20% < I REM < 55%)
4 Insufficient Efficiency (IE): when (0% < I REM < 30%). The output Y is now related to the priorities of action: for each subset, we have a time interval reporting the number of days available for that priority level. In our system, we have four priority levels corresponding to four subsets (Figure 3 ), defined as follows:
1 High Priority (HP): urgent actions (the ones to be completed within the 0th and the 100th day)
2 Medium Priority (MP): medium-time actions (the ones to be completed within the 75th and the 190th day)
3 Low Priority (LP): short-time actions (the ones to be completed within the 165th and the 285th day)
4 Null Priority (NP): long-time actions (the ones to be completed within the 255th and the 365th day). Step 3
The knowledge related to the current system is formulated in terms of a set of fuzzy inference rules. There are two principal ways in which the relevant inference rules can be determined (Wang and Mendel, 1992) . The first one is to explicate them from experienced human operators, while the other one is obtained from empirical data by suitable learning methods, usually with the help of neural networks.
In our case, with respect to the X and Y variables, the inference rules have the canonical form:
where A and B are represented by fuzzy numbers chosen from the fuzzy set that represent the linguistic states (Figure 2, Figure 3) . By the experience of the QM, we can associate the production efficiency with the action-level priorities (e.g., the action level is M P high if the production efficiency level is insufficient). With the time action levels defined in Step 2, the total number of the possible no-conflicting fuzzy inference rules is equal to four and is written as follows:
Rule 1 If X is IE, then Y is HP (the action level is medium if the production efficiency level is low medium)
Rule 2 If X is LME, then Y is MP (the action level is low if the production efficiency level is high medium)
Rule 3 If X is HME, then Y is LP (the action level is null if the production efficiency level is optimal)
Rule 4 If X is OE, then Y is NP.
For each rule in the Fuzzy Rules Base there is a corresponding relation R j . In the case of Rule 2, for example, the relation R 2 is determined by the conjunctive t-norm given by Equation (3):
.
The graph of this relation is represented in Figure 4 . We just note that the choice of the t-norm is a matter similar to the choice of fuzzy sets for certain linguistic labels. The t-norm (Mendel, 1995) can be either elicited from the domain expert or determined from empirical data. 1 OE HME LME IE
0
I REM
In the same way we construct the graph of the other relations. The global relation R aggregates these four local relations, as represented in Figure 5 . Step 4
In this last step of FQMS construction, we have to convert each conclusion obtained by the inference rules of Step 3, expressed in terms of fuzzy terms, into a real number. The resulting number, which defines the actions to be taken, must summarise the elastic constraints imposed by the fuzzy sets on the possible values of output variables; this step is usually called defuzzification.
A number of defuzzification methods were proposed in the literature. Each method is based on some rationale and can give different results. The most used methods are the Centre of Area method, the Centre of Maximal method and the Mean of Maximal method (Mendel, 1995) .
A flow chart that depicts the described FQMS is represented in Figure 6 . 
Case study
The described methodology has been tested in a factory producing luxury motorboats, in which a QMS was already realised and certified according to ISO 9001 regulations. For each motorboat model different versions are available, among which it is possible to choose different levels of personalisation. The main body (skull) of the motorboat is realised with a moulding monocoque body made of plastic reinforced by fibreglass. The firm's quality policy aims to achieve a good quality level for mass production of monocoque bodies (i.e., the realisation efficiency equal to 70%). As first step, we have analysed the NC of the monocoque body in the production process, obtaining the following twin classification of NCs:
• impurities
• imperfections.
Afterwards, we defined the following CNC classes (N°CNC MPtot = 4):
• superficial cracks
• shape errors
• air bubbles
• irregulars welding.
In a time period of two months we have analysed the production of 20 monocoque bodies, obtaining the results of Table 2 . Analysing I REM = 1 -1.9 4 = 52.5%.
The next step is the construction of the fuzzy description (fuzzification) related to the input I REM based on the linguistic variable (Efficiency, [IE, LME, HME, OE], X). So, we can write the additive form of this fuzzy description as ( Figure 7 ): D(52.5%) = 0 / IE + 0.3 / LME + 0.7 / HME + 0 / OE. For the defuzzification step, we have adopted the Centre of Gravity method, which assigns a value to a set using a linear rule (Figure 8 ). 
The value y days represents the number of days in which the corrective action must be completed.
To compute y days, we subdivide our areas 'c' and 'b' (Figure 8a ) in five zones (Z 1, Z 2 , Z 3 , Z 4 , Z 5 ), with a 1 = 75, a 2 = 82.5, a 3 = 172.5, a 4 = 190, a 5 = 255, a 6 = 285 and α = 0.3, β = 0.7. Table 3 shows the numeric values associated with the described zones. The centre of gravity method gives the following result of y days :
y days = 192.385 days.
As a comparison, we have processed the data of the described case with the old method we previously described. According to that approach, with four typologies of CNC (N°CNC MPtot = 4), the number of possible values of I REM is equal to five, so we have a number of classes NC = 1 + 3.3 log 10 5 = 3.30 є (3,4). After quantification we have NQC = 4 with the following classes: IE, LME, HME and OE. According to the data of Table 1 , the value of I REM = 52.5% sets the mass production of the monocoque bodies in the HME class ([45%, 80%] ). In this way, we are close to the border of the next lower class. Furthermore, as stated in the previous paragraph, we do not have any indication related to the time limit days needed to accomplish the corrective actions necessary to shift the production efficiency towards the upper OE class.
Conclusions
The possibility of a correct quantification of production efficiency, together with an efficient and cost-effective planning of corrective actions, is a key factor in the realisation of a QMS in every industrial areas. In this work the authors have approached this problem through a fuzzy theory-based approach able to give to a QMS both the flexibility for efficiency classes identification and an objective definition of the requested time limits for corrective actions accomplishment. The developed method has been designed to be implemented in different typologies of production realities, requiring only some modifications during its setup, such as the definition of fuzzy sets geometry and the fuzzy functions. A possible evolution of the proposed method can be related to the definition and construction of the fuzzy rules which are actually based on the experience of the QM. In the future, the research could be conducted towards the development of methods towards this direction, testing them within other production contexts.
